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Abstract 
Electrochemical machining is one of the widely used non-traditional machining processes to machine complicated shapes for 
electrically conducting but difficult-to-machine materials such as super alloys, Ti-alloys, alloy steel, tool steel, stainless steel, etc. 
Use of optimal ECM process parameters can significantly reduce the ECM operating, tooling, and maintenance cost and will 
produce components with higher accuracy. This paper investigates the effect of process parameters on material removal rate 
(MRR) and surface roughness characteristic (centre line average roughness: Ra, root mean square roughness: Rq, skewness: Rsk, 
kurtosis: Rku and mean line peak spacing: Rsm) and parametric optimization of process parameters in ECM of EN31 tool steel 
using grey relation analysis. Experiments are conducted based on Taguchi’s L27 orthogonal array (OA) with four process 
parameters viz. electrolyte concentration, voltage, feed rate and inter-electrode gap. Analysis of variance (ANOVA) is performed 
to get the contribution of each parameter on the performance characteristics and it is observed that electrolyte concentration is the 
significant process parameter that affects the responses. The experimental results for the optimal setting show that there is 
considerable improvement about 48% in the process using confirmation test. The optimal combination is electrolyte 
concentration 10%, voltage 10 V, feed rate 0.25 mm/min and inter-electrode gap 0.2 mm for maximum MRR and minimum 
surface roughness. Surface and contour plots are generated to study the effect of input parameters on MRR and surface 
roughness. Finally, scanning electron microscopy (SEM) images are used to observe the surface morphology. 
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1. Introduction 
Electrochemical machining (ECM) is among the well recognized non-traditional manufacturing processes in 
industry. An electrical current passes through an electrolyte solution between a cathode tool and an anode work-
piece. The work-piece is eroded in accordance with Faraday’s law of electrolysis. ECM is found particularly 
advantageous for high-strength alloys. For example, the semi-conductor industry frequently requires the machining 
of components of complex shape and high-strength alloys hence ECM is a major process candidate for 
semiconductor devices and thin metallic films (McGeough, 1974; Tam et al., 1992; Riggo et al., 1981). It is the basic 
requirement of any industry to produce the final product with minimum time and at desired level of surface finish. 
From the economic point of view, maximum MRR is the objective of any process. On the other hand, surface 
roughness plays an important role for the tribological operation of any component.  
In the past, various researchers have attempted the process parameter optimization in ECM. Neto et al. (2006) 
have presented the study of the intervening variables in electrochemical machining using sodium chloride (NaCl) 
and sodium nitrate (NaNO3) electrolytic solution. They have also studied MRR, roughness and over-cut. The results 
show that feed rate is the main parameter affecting the material removal rate. Purcar et al. (2004) and Bortels et al. 
(2004) have developed software to analyze the ECM problem using the boundary element method (BEM) technique. 
Bhondwe et al. (2006) have developed a thermal model for the calculation of material removal rate (MRR) during 
Electro-chemical spark machining (ECSM). First, temperature distribution within zone of influence of single spark is 
obtained with the application of finite element method (FEM). The nodal temperature plays an important role 
estimating MRR. The developed FEM based thermal model is found to be in the range of accuracy with the 
experimental results. It is seen that MRR increases with increase of electrolyte concentration. Bahre et al. (2013) 
have attempted to model and optimize the pulse electro chemical machining (PECM) process using RSM. The 
machining parameters considered in the study are voltage, pulse on time, frequency, feed rate and pressure and the 
multiple responses are MRR and surface roughness (Ra). They have also tried to optimize MRR and Ra prediction 
model using RSM. Rao and Padmanabhan (2012) have found out the optimization machining process parameters for 
ECM of Al/5% SiC material using Taguchi design considering voltage, feed rate and electrolyte concentration as the 
process parameters. From Taguchi analysis, they have found out an optimum combination of process parameters for 
maximum metal removal rate. Senthilkumar et al. (2013) have studied the effect of various process parameters such 
as electrolyte concentration, electrolyte flow rate, voltage and tool feed rate on MRR and surface roughness (Ra) and 
developed a mathematical model in terms of machining process parameters for MRR and surface roughness (Ra) 
prediction in ECM of LM25 Al/10%SiCp composite. Munda and Bhattacharyya (2008) have optimized pulse on/off 
ratio, voltage, electrolyte concentration, voltage frequency and tool vibration frequency of multiple performance 
characteristics including MRR and radial overcut using RSM in EMM of copper plates. Asokan et al. (2008) have 
developed a regression and artificial neural network (ANN) model of process performance (MRR and surface 
roughness) with control parameters (current, voltage, flow rate and inter electrode gap) in ECM of hardened steel. 
They have also optimized the process parameters using grey relational analysis. Hocheng et al. (2003) have studied 
the effect of various parameters such as time of electrolysis, voltage, molar concentration of electrolyte and electrode 
gap on material removal rate and diameter of machined hole in ECM of SKD61 stainless steel. It is also found that 
the time of electrolysis is the most influential factor on the produced diameter of hole. Rajurkar et al. (1998) have 
focused on minimizing the material to be removed by predicting minimum machining allowance and improving the 
degree of localized dissolution. Ali (2011) has developed a mathematical model and software for simulation, using 
ultra short (nanoseconds) pulses for generating complex 3-D microstructures of high accuracy. Wuthrich and Fascio 
(2005) have established a technology, which has been able to machine several electrically non-conductive materials 
such as glass, quartz and various ceramics using electrochemical discharge machine. They have also observed that 
MRR depends on a large number of parameters like material to be machined, used electrolyte, applied voltage and 
temperature. Acharya et al. (2012) have developed a MRR and surface roughness prediction model in electro 
chemical machining (ECM) of super alloys using response surface methodology (RSM). Goswami et al. (2013) have 
optimized machining process parameters viz. voltage, tool feed and current with consideration of multiple 
performance characteristics including MRR and surface roughness for ECM of aluminium and mild steel material 
using Taguchi technique. Basak and Ghosh (1997) have developed a simplified prediction model for MRR during an 
idealize ECDM operation on glass materials.  
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It is seen from the literature review that most of the literatures deal with conventional roughness studies and 
mostly using centre line average roughness (Ra) in ECM. However, a surface generated by machining is composed 
of a large number of length scales of superimposed roughness and generally characterized by three different types of 
parameters, viz., amplitude parameters, spacing parameters and hybrid parameters (Sahoo, 2005). Amplitude 
parameters are the measures of the vertical characteristics of the surface deviations and examples of such parameters 
are centre line average roughness, root mean square roughness, skewness, kurtosis, peak-to-valley height etc. 
Spacing parameters are the measures of the horizontal characteristics of the surface deviations and examples of such 
parameters are mean line peak spacing, high spot count, peak count etc. On the other hand, hybrid parameters are a 
combination of both the vertical and horizontal characteristics of surface deviations and example of such parameters 
are root mean square slope of profile, root mean square wavelength, core roughness depth, reduced peak height, 
valley depth, peak area, valley area etc. Thus consideration of only one parameter like centre line average roughness 
is not sufficient to describe the surface quality though it is the most commonly used roughness parameter. The 
present study aims at consideration of five different roughness parameters, viz., centre line average roughness (Ra), 
root mean square roughness (Rq), skewness (Rsk), kurtosis (Rku) and mean line peak spacing (Rsm) for the surface 
texture generated in ECM of EN 31 steel. 
The present study deals with the application of Taguchi method coupled with grey relational analysis to 
determine the suitable machining process parameters in order to obtain optimum MRR and surface roughness 
characteristics in ECM process. An orthogonal array (L27) is generated using the Taguchi design to carry out the 
experiments on EN 31 tool steel. The machining parameters, viz., electrolyte concentration (%), applied voltage (V), 
feed rate (mm/min) and inter-electrode gap (mm) are considered as independent variables. Analysis of variance 
(ANOVA) is also carried out to observe the level of significance of factors and their interactions on the overall grey 
relational grade. A verification test is carried out in order to check the accuracy of the analysis. Moreover, scanning 
electron microscopy (SEM) images are used to study the surface morphology. 
 
2. Grey relational analysis  
Taguchi technique (Taguchi, 1990) is a powerful tool for designing high quality system at minimum cost based 
on orthogonal array (OA) experiments that provide much reduced variance for the experiments with an optimum 
setting of process control parameters. Taguchi method is suitable for single response optimization, but optimization 
of multiple performance characteristics is different from of a single performance characteristics. For multi-response 
optimization, grey relational analysis coupled with Taguchi method is employed. The grey system theory has been 
first proposed by Deng (1989). Grey relational analysis is efficient tool for multi-response analysis. The algorithm of 
grey relational analysis is illustrated as follows: 
x Calculation of the grey relational generation in which the set of experimental results are normalized in 
between 0 and 1. 
x Calculation of the grey relational coefficient from the normalized data to represent the correlation between 
the desired and actual experimental data. 
x Calculation of the grey relational grade by averaging the grey relational coefficients.  
x As grey relational grade is to be maximized, the S/N ratio is calculated using higher-the-better (HB) 
criterion. 
x To perform statistical analysis of variance (ANOVA) for the input parameters with the grey relational 
grade and to find which parameter significantly affects the process performance. 
x Selection of the optimal levels of process parameters. 
x Confirmation test to verify the optimal process parameters setting. 
3. Experimental procedure 
3.1. Experimental setup 
Experiments are conducted on the METATECH (ECMAC) electrochemical machining equipment. The ECM 
setup consists of machining chamber, control panel, electrolyte circulation system. The work-piece is fixed inside 
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the machining chamber and the cathode (tool) is attached to the main screw which is driven by a stepper motor. For 
avoiding short-circuits, a current sensing circuit is interfaced between the tool and the stepper motor controller 
circuit. If the current exceeds an acceptable limit, a signal is sent to the stepper motor controller circuit which 
immediately reverses the downward motion of the tool. The process parameters like current, voltage and feed rate 
are varied by the control panel. The electrolyte is pneumatically pumped through a reservoir. The metal is mainly 
removed in the form of sludge’s and precipitates by electrochemical and chemical reactions occurring in the 
electrolyte cell. In this way, even hardest possible material can be given a complicated profile in a single machining 
operation. 
3.2. Selection of work piece, tool materials and electrolyte 
Rectangular block of 20mm X 20mm and 25 mm height made of EN31 tool steel which is a high carbon alloy 
steel with high degree of hardness, compressive strength and abrasion resistance is chosen as work-piece. This 
material popularly used in automotive type applications like axle, bearings, spindle and moulding dies etc. Tool is 
made of copper with round cross section. The tool is coated with a layer of 200μm thick with epoxy powder resin, 
except for the base of the tool to avoid machining due to stray current. The base of the tool is the machining area. 
Electrolyte is axially fed to the machining zone through a hole provided centrally in the tool. KCl solution is chosen 
as electrolyte, as it has no passivation effect on the surface of the work piece. 
3.3. Design of experiment 
The present study considers four controllable variables, namely, electrolyte concentration, voltage, feed rate and 
inter-electrode gap. In the machining parameter design, three levels with equal spacing of the cutting parameters are 
selected and shown in Table 1. In the present investigation, an L27 orthogonal array (OA) of Taguchi technique, 
which has 27 rows corresponding to the number of tests [26 degrees of freedom (DOFs)] with 13 columns at three 
levels, is chosen. To check the DOFs in the experimental design, for the three-level test, the four main factors take 8 
[3 x (3 − 1)] DOFs. The DOF for three second- order interactions (A x B, A x C, B x C) is 12 [3 x (3 −1) x (3 − 1)] 
and the total DOFs required is 20. As per the Taguchi method, the total DOFs of selected OA must be greater than 
or equal to the total DOFs required for the experiment and hence the L27 OA has been selected. 
 Table 1. Design parameters and their levels 
 Process parameter Level 1 Level 2 Level 3 
A Electrolyte concentration (%) 15 20 25 
B Voltage (V) 8 10 12 
C Feed rate (mm/min) 0.1 0.2 0.3 
D Inter-electrode gap (mm) 0.2 0.25 0.3 
3.4. Responses and measurement 
The response variables considered in the present study are: material removal rate (MRR) and surface roughness 
characteristics (Ra, Rq, Rsk, Rku and Rsm). MRR is expressed as the ratio of weight difference of the work piece 
before and after machining to the machining time and in the present study it is measured by weight loss of the 
material expressed by gm/min. 
Roughness measurement is done using a stylus-type profilometer, Talysurf (Taylor Hobson, Surtronic 3+). 
Roughness measurements in the transverse direction on the work pieces are repeated five times and average of five 
measurements are recorded. The measured profile is digitized and processed through the dedicated advanced surface 
finish analysis software Talyprofile for evaluation of the roughness parameters. 
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4. Results and discussion  
4.1. Grey analysis 
The experimental results are presented in Table 2. For multi-response optimization, grey relation grade is found 
out which is analyzed using Taguchi method.  
     Table. 2: Experimental results for response parameters 
Exp. no. MRR (gm/min) Ra (μm) Rq (μm) Rsk Rku Rsm (mm) 
1 0.3480 2.57 3.27 0.201 3.904 0.175 
2 0.3060 2.13 2.65 0.102 3.718 0.126 
3 0.7359 1.55 2.11 0.219 3.919 0.133 
4 0.1440 1.89 2.42 0.401 3.416 0.111 
5 0.1720 1.44 1.78 0.498 3.966 0.110 
6 0.9500 2.28 2.97 0.229 3.590 0.163 
7 0.3474 1.99 2.53 0.794 4.342 0.137 
8 0.6760 1.68 2.11 0.155 4.322 0.098 
9 0.4870 2.61 3.53 0.369 4.162 0.151 
10 0.3020 2.21 2.86 0.102 3.900 0.125 
11 0.4680 2.76 3.54 0.927 4.835 0.149 
12 0.9900 3.31 4.14 0.960 4.445 0.123 
13 0.3430 2.99 3.73 0.467 4.383 0.154 
14 0.2935 2.25 2.87 0.385 3.646 0.163 
15 0.6788 2.01 2.49 0.345 3.999 0.183 
16 0.3660 2.69 3.39 0.992 6.056 0.128 
17 0.3288 2.35 3.01 0.453 4.033 0.097 
18 0.4770 2.79 3.65 0.705 4.880 0.152 
19 0.1599 2.29 2.85 0.593 3.730 0.139 
20 0.4180 3.65 4.54 0.249 2.883 0.163 
21 0.8030 4.13 5.11 0.457 3.905 0.123 
22 0.3500 3.24 3.99 0.104 2.946 0.142 
23 0.4511 2.21 2.31 0.352 3.706 0.129 
24 0.7830 2.73 3.45 0.4445 3.735 0.145 
25 0.3710 3.12 3.88 0.101 3.986 0.159 
26 0.5420 3.36 4.09 0.4505 3.210 0.169 
27 0.9000 1.89 2.42 0.4505 4.155 0.110 
4.1.1. Grey relational generation 
The first step in grey relational analysis is to perform the grey relational generation in which the results of the 
experiments are normalized in the range of 0 and 1. For normalization of MRR data, higher-the-better (HB) criterion 
and for surface roughness parameters, lower-the-better (LB) criterion are used as MRR is to be maximized and 
surface roughness is to be minimized. 
Normalization using higher-the-better (HB) criterion: 




y ( k ) min y ( k )X ( k )
max y ( k ) min y ( k )
                   (1) 
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max y ( k ) min y ( k )
                    (2) 
here xi(k) is the value after grey relational generation, min yi(k) is the smallest value of yi(k) for the kth response, and 
max yi(k) is the largest value of yi(k) for the kth response. An ideal sequence is x0(k) (k=1,2,3,……..,27) for the 
response. The processed data after grey relational generation is given in Table 3. Larger normalized results 
correspond to the better performance and the best normalized result should be equal to 1. 
4.1.2. Grey relational coefficient 
Grey relational coefficients are calculated to express the relationship between the ideal (best = 1) and the actual 
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where 0i 0 ix ( k ) x ( k )'   is difference of the absolute value between 0x ( k )  and ix ( k ) , min' and max'  are 
respectively the minimum and maximum values of the absolute differences 0i( )'  of all comparing sequences. Ψ is a 
distinguishing coefficient, 0 ≤ ψ ≤ 1, the purpose of which is to weaken the effect of max'  when it gets too big, and 
thus enlarges the difference significance of the relational coefficient. The suggested value of the distinguishing 
coefficient, Ψ, is 0.5, due to the moderate distinguishing effects and good stability of outcomes. Therefore, Ψ is 
adopted as 0.5 for further analysis in the present study. The grey relation coefficient of each performance 
characteristic is also shown in Table 3. 
4.1.3. Grey relational grade and grey relational ordering 
The grey relational grade is treated as the overall response of the process instead of the multiple responses like 
MRR and surface roughness. The grey relational coefficients are calculated for the experimental data using Ψ = 0.5. 








 ¦                    (4) 
where n is the number of process responses. Higher value of grey relational grade implies stronger relational degree 
between the ideal sequence x0(k) and the given sequence xi(k). Table 4 shows the experimental results for the grey 
relational grade and their orders. Thus multi-response optimization problem is converted into single response 
optimization problem. 
4.2. Analysis of Signal-to-Noise (S/N) ratio 
To capture the variability of the results, signal to noise (S/N) ratio analysis is done taking the grey relational 
grade as the performance index. As grey relational grade is to be maximized, the S/N ratio for overall grey relational 
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where y is the observed data and n is the number of observations.  
The results may be expressed in terms of either S/N ratio or the mean. The response table for the mean of grey 
relational grade is shown in Table 5. The response table compares the relative magnitude of the effects which 
includes ranks based on Delta statistics. The Delta statistic is the highest average for each factor minus the lowest 
average for the same. Ranks are assigned on the basis of delta values. 
4.3. Factor and interaction effects 
Fig. 1 shows the main effect plots for the process parameters. In the main effects plot, if the line for a particular 
parameter is near horizontal, then the parameter has no significant effect. On the other hand, a parameter for which 
the line has the highest inclination will have the most significant effect. It is very much clear from the main effects 
plot that parameter A (electrolyte concentration) is the most significant parameter. Since higher grey relational grade 
indicates that the system tends optimality, the optimal condition for each parameter is taken at those points where 
  Table. 3: Normalized of experimental data and Grey relational coefficient 
 Normalized data  Grey relational coefficient 
Exp. 
No. MRR Ra Rq Rsk Rku Rsm  MRR Ra Rq Rsk Rku Rsm 
1 0.2411 0.5801 0.5514 0.8875 0.6782 0.093  0.3972 0.5435 0.527 0.8164 0.6084 0.3553 
2 0.1915 0.7463 0.7381 0.9988 0.7367 0.6628  0.3821 0.6634 0.6562 0.9978 0.6551 0.5972 
3 0.6996 0.9589 0.9024 0.8681 0.6735 0.5814  0.6247 0.924 0.8367 0.7912 0.6049 0.5443 
4 0.0000 0.8326 0.8072 0.6635 0.8319 0.8372  0.3333 0.7491 0.7217 0.5977 0.7484 0.7543 
5 0.0331 1.0000 1.0000 0.5542 0.6586 0.8488  0.3408 1.0000 1.0000 0.5287 0.5943 0.7678 
6 0.9527 0.6879 0.6428 0.8558 0.7771 0.2325  0.9136 0.6157 0.5834 0.7763 0.6917 0.3945 
7 0.2404 0.7941 0.7728 0.2218 0.5402 0.5348  0.3969 0.7083 0.6876 0.3912 0.5209 0.5181 
8 0.6288 0.9122 0.9008 0.9396 0.5465 0.9861  0.5739 0.8506 0.8345 0.8922 0.5244 0.9728 
9 0.4054 0.5663 0.4732 0.6989 0.5968 0.3755  0.4568 0.5355 0.4869 0.6242 0.5536 0.4446 
10 0.1868 0.716 0.6743 0.9994 0.6794 0.6744  0.3807 0.6377 0.6055 0.9988 0.6093 0.6056 
11 0.3829 0.5086 0.4723 0.0726 0.3848 0.3953  0.4476 0.5043 0.4865 0.3503 0.4484 0.4526 
12 1.0000 0.3059 0.2915 0.0359 0.5077 0.6977  1.0000 0.4187 0.4138 0.3415 0.5038 0.6232 
13 0.2352 0.4249 0.4141 0.5897 0.5272 0.3372  0.3953 0.465 0.4605 0.5493 0.5139 0.43 
14 0.1767 0.6981 0.6707 0.6802 0.7595 0.2279  0.3778 0.6235 0.6029 0.6099 0.6752 0.3931 
15 0.6322 0.7923 0.7854 0.7255 0.6483 0.0000  0.5761 0.7065 0.6997 0.6457 0.587 0.3333 
16 0.2624 0.5365 0.5171 0.0000 0.0000 0.6395  0.4041 0.5189 0.5087 0.3333 0.3333 0.5811 
17 0.2184 0.6595 0.6285 0.6055 0.6377 1.0000  0.3901 0.5949 0.5738 0.5589 0.5798 1.0000 
18 0.3937 0.4993 0.4385 0.3211 0.3707 0.3605  0.4519 0.4996 0.471 0.4241 0.4427 0.4388 
19 0.0188 0.6853 0.6788 0.4484 0.7329 0.5116  0.3375 0.6137 0.6088 0.4755 0.6518 0.5058 
20 0.3239 0.1767 0.1719 0.8334 1.0000 0.2383  0.4251 0.3778 0.3765 0.7501 1.0000 0.3963 
21 0.7789 0.0000 0.0000 0.6002 0.6778 0.6976  0.6934 0.3333 0.3333 0.5557 0.6082 0.6232 
22 0.2435 0.3305 0.3356 0.9966 0.9799 0.4767  0.3979 0.4275 0.4294 0.9933 0.9615 0.4886 
23 0.363 0.7158 0.8408 0.7186 0.7405 0.6279  0.4397 0.6376 0.7585 0.6399 0.6583 0.5733 
24 0.7553 0.5235 0.4955 0.6144 0.7314 0.4418  0.6714 0.512 0.4978 0.5646 0.6505 0.4725 
25 0.2683 0.3766 0.3693 1.0000 0.6523 0.2791  0.4059 0.445 0.4421 1.0000 0.5898 0.4095 
26 0.4704 0.2873 0.3041 0.6077 0.8968 0.1628  0.4856 0.4123 0.4181 0.5604 0.8289 0.3739 
27 0.8936 0.8339 0.8081 0.6077 0.5991 0.8488  0.8245 0.7507 0.7227 0.56034 0.555 0.7678 
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the mean grey relational grade is found to be the maximum. It is clear from Fig. 1 that the optimal process parameter 
combination for maximum MRR and minimum roughness characteristics of ECM process is found as A1B2C2D1. 
         Table. 4: Grey relational grade and their order 
Exp. No. Grade Order Exp. No. Grade Order 
1 0.54133 18 15 0.59138 12 
2 0.65865 6 16 0.44656 27 
3 0.72097 2 17 0.61627 11 
4 0.65079 7 18 0.45471 25 
5 0.70528 3 19 0.53223 20 
6 0.66252 5 20 0.55432 14 
7 0.53719 19 21 0.52452 21 
8 0.77477 1 22 0.61639 10 
9 0.51696 22 23 0.61792 9 
10 0.63963 8 24 0.56149 13 
11 0.44830 26 25 0.54876 16 
12 0.55018 15 26 0.51322 23 
13 0.46905 24 27 0.69687 4 
14 0.54708 17    
      Table. 5: Response table for grey relational grade 
Level A B C D 
1 0.6409 0.5745 0.5536 0.5989 
2 0.5292 0.6024 0.6040 0.5961 
3 0.5740 0.5673 0.5866 0.5492 
Delta 0.1117 0.0352 0.0504 0.0497 
Rank 1 4 2 3 
Total mean grey relational grade=0.581392 
 
Fig. 1. Main effects plot for mean of grey relational grade 
4.4. Analysis of variance (ANOVA)  
ANOVA is a statistical technique that can infer some important conclusions on the basis of analysis of the 
experimental data. The method is very useful for revealing the level of significance of influence of factor(s) or 
interaction of factors on a particular response. In the present study, ANOVA is performed using Minitab (Minitab, 
2001). Table 6 shows the ANOVA result for overall grey relational grade of MRR and roughness parameters. 
ANOVA calculations are based on F-ratio, which is the ratio between the regression mean square and the mean 
square error. The F-ratio, also called the variance ratio, is the ratio of variance due to the effect of a factor and 
variance due to the error term. This ratio is used to measure the significance of the parameters under investigation 
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with respect to the variance of all the terms included in the error term at the desired significance level, α. If the 
calculated value of F-ratio is higher than its tabulated value, then the factor is significant at the desired α level. In 
general, when the F-value increases, the significance of the parameter also increases. ANOVA table shows the 
percentage contribution of each parameter. It is clear from ANOVA table that parameter A (electrolyte 
concentration) has got the most significant influence on MRR and roughness. 








Square F % Contribution 
A 2 0.05689 0.02844 2.72 28.86205672 
B 2 0.00622 0.00311 0.3 3.155598397 
C 2 0.01181 0.00591 0.57 5.991578307 
D 2 0.01405 0.00703 0.67 7.127999594 
A*B 4 0.00877 0.00219 0.21 4.449292273 
A*C 4 0.01882 0.0047 0.45 9.54796814 
B*C 4 0.01786 0.00447 0.43 9.060930445 
Error 6 0.06269 0.01045   
Total 26 0.19711    
4.5. Validation test 
A validation test is performed to see whether any improvement in results is obtained through the condition 
suggested by the optimum parameter analysis compared to the initial condition. Also a prediction of the grey 
relational grade, 




( )J J J J
 
  ¦                   (6) 
where mJ  is the total mean grey relational grade, iJ

 is the mean grey relational grade at the optimal level, and o is 
the number of the main design parameters that significantly affect MRR and roughness. The comparison of the 
predicted grey relational grade, experimental grey relational grade and the grey relational grade at the initial 
condition is shown in Table 7. The mid-level combination of process parameters is assumed as the initial condition. 
From the table, it is found that the improvement of grey relational grade at the optimal condition is about 48%. 
Based on the above results, it is clearly observed that quality characteristics are greatly improved through this study. 
     Table 7: Results of confirmation test 
Level 
Initial parameter combination 
A2B2C2D2 
Optimal parameter combination 
A1B2C2D1 
  Prediction Experimental 
MRR 0.2615  0.7235 
Ra 2.19  1.81 
Rq 2.816  2.013 
Rsk 0.4315  0.179 
Rku 4.4315  3.21 
Rsm 0.143  0.11 
Grade 0.531497 0.581392 0.787264 
Improvement of grey relational grade = 0.255767 
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4.6. Surface plots with effects of process parameters 
Fig. 2 shows the estimated three-dimensional surface as well as contour plots for MRR and roughness parameters 
as function of the independent machining parameters. In all these figures, two of the four independent variables are 
held constant at centre level. All these figures depict the variation of MRR and roughness parameters with 
controlling variables within the experimental regime. Fig 2(a) and 2(b) show that MRR increases with an increase of 
electrolyte concentration, feed rate and voltage and decrease of inter-electrode gap. This happens due to the 
reduction in the inter-electrode gap that increases the current density in the gap with the consequent anodic 
dissolution. At higher electrolytic concentration, enhanced electrolyte conductivity in the machining gap to higher 
ionic mobility would be responsible for the increased value of MRR. An increase in applied voltage and feed rate 
would cause a greater machining current to be available in the machining gap, thereby causing enhancement in the 
value of MRR.  
 
 
Fig. 2. Response and contour plots of MRR and Ra with respect to different ECM process parameters 
 
It is clear from Fig. 2(c) and 2(d) that Ra decreases with increase of inter-electrode gap and also Ra increases with 
increase of electrolyte concentration, feed rate and voltage. An increased electrolyte concentration might lead to the 
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rate at a particular gap thickness would cause greater electrolyzing current to be available in the machining gap, as 
well as causing a greater stray current intensity. However, increased gap thickness under such operating conditions 
would weaken the stray current effect at the boundaries of the flow path. The variations of other roughness 
parameters are same as Ra though the plots are omitted for the brevity of the paper. 
4.7. Surface morphology study 
From the SEM micrograph (Fig. 3), it can be seen that, before machining the surface of EN 31 tool steel work 
piece is nearly smooth and there is no globular spot. After machining, the surface becomes rougher and the operated 
surface contains plenty of globules which are unevenly distributed due to the machining. Sparking takes place at the 
bottom edge of the electrode only and current through the other part of the electrode surface except the edge is 
negligible, hence the material removal rate (MRR) is the maximum at the vicinity of the electrode edge than the 
other portion of the work-piece. As the material removal is not taking place evenly the resulting machined surface is 
rougher than the un-machined surface.  
   
Fig.3 SEM micrographs (a) before machining; (b) after machining 
5. Conclusions 
In the present study the optimization of the process parameters (electrolyte concentration, voltage, feed rate and 
inter-electrode gap) is carried out in ECM of EN31 tool steel for maximum material removal rate (MRR) and 
minimum surface roughness. Grey relational analysis is successfully employed in conjunction with Taguchi design 
of experiments to optimize this multiple response problem. The optimal parameter combination is obtained as 
A1B2C2D1 (the lowest level of electrolyte concentration, mid level of voltage, mid level of feed rate and the lowest 
level of electrode gap). A confirmation test is carried out to validate the analysis. The improvement of grey 
relational grade from initial to optimal process parameter condition is found to be about 48% (electrolyte 
concentration at 15%, voltage at 10 V, feed rate at 0.25mm/min and inter-electrode gap at 0.2mm). Thus, grey-based 
Taguchi method optimizes the process parameters fairly well. ANOVA reveals that electrolyte concentration has the 
maximum influence on metal removal rate and surface roughness characteristics. 
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